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ABSTRACT 

Sentiment analysis is an important task in Natural Language Processing (NLP) that analyses 

and predicts people’s opinion from textual data. It is a complex process due to the interactions 

with computer science, linguistics, psychology and social science disciplines. There is no 

straight forward rule to analyse and predict sentiment. Supervised learning methods, which 

adopt learning models from human, are being widely used by NLP researchers and experts to 

predict sentiment. However, this approach is tricky due to the challenges in ensuring the 

quality of the manually labelled training dataset. In this study, we investigated the use of 

linguistic factors to improve the model’s accuracy. We gathered two datasets: (i) 125,000 

annotated sentences from Amazon product reviews, and (ii) 11,250 annotated sentences from 

financial news articles. We then pre-processed the data, identified the less important terms that 

exist in the dataset, the linguistic features and their effect towards the correctness of predicted 

sentiment. Our experimental results showed that punctuation separation and removal of 

supporting POS words improves precision accuracy in larger-generic dataset rather than in 

smaller-context sensitive dataset.  

 

Field of Research: sentiment analysis, supervised learning, NLP, linguistics 

---------------------------------------------------------------------------------------------------------------- 

 

1. Introduction 

 

Modern technologies enable people to express their opinions, thoughts and feelings about what 

they experience and things happening around them through various online channels such as 

social media, online surveys, blogs, etc. Such massively growing social data is indeed 

meaningful and useful for businesses and organisations to gather feedbacks on their products 

and services, or to study and analyse social issues, psychological issues, political situations, 

etc. However, due to the variety, velocity and volume of such data, it is difficult to digest and 

summarise social data into a meaningful form [13]. Sentiment analysis, also known as opinion 

mining, specifically analyses people’s opinions, feelings, and thoughts that are usually 

expressed in textual data through the above channels [10]. 

 

Due to the practical value of sentiment analysis in several application areas, more and more 

efforts have been spent to address this task and the results are very promising. However, 

researchers working on it are facing tremendous challenges when dealing with textual data.  

Sentiment analysis is a part of NLP tasks which is known as one of the complex problem areas 

in Artificial Intelligence [6]. Solely using linguistic method for sentiment analysis is not 

sufficient as it does not address uncertainties that require human ‘tacit’ knowledge and cannot 

learn from past experience when interpreting opinion; both are important elements in analysing 

sentiment [4,6]. For example, the words: ‘I’, ‘am’, ‘happy’, ‘not’, ‘to’, ‘the’, ‘this’ and ‘movie’ 

exist in both sentences below, whereby the negative sentiment is expressed sarcastically:   

 

     Positive   - ‘I am happy to watch this movie because the ticket price is not expensive’  
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     Negative - ‘I am happy to leave the cinema because the movie is not good’ 

 

In the above example, by using linguistic rules, it is difficult to distinguish which words or 

phrases that determine positive or negative sentiment as the element of sarcasm was expressed 

indirectly as a negative sentiment. Due to such linguistic constraints, many researchers from 

both academic and industries prefer the machine learning approaches for sentiment analysis 

[1,17,19,20] that enables the machine to learn from examples and past experience just like a 

human does.  

 

On the other hand, using machine learning on textual data exposes other challenges and 

drawbacks as machine learning methods also have their own limitations: 

a) Using simpler words representation model such as ‘bags of words’ may not sufficient to 

ensure the performance in sentiment analysis [19]. It looks at the word counts [7] 

discarded sequence of words in a sentence and word to word relations. Some important 

linguistic information from the words, phrases and sentences may not be identified during 

processing.  

b) In supervised learning, a good training dataset has to be set up as the input for the machine 

learning on NLP context to ensure it learn correctly from sufficient examples. Enormous 

work needs to be done in preparing the training dataset, it is tedious, high in 

computational cost and yet it may suffer from inaccuracy if less optimal examples fed 

into the training dataset.  

c) Using mathematical model with ‘word2vec’ representation approach for instance, causes 

the word vector grow when more training data provided. The omission of pre-processing 

and lack of linguistic information analysis such as punctuation, word variance, part of 

speech, stop words, and noises may lead to the  word vector grow even more with higher 

dimensions [9,15,16,18]. This factor increases the complexity in text processing and may 

impact the performance of sentiment analysis.  

 

In this paper, we present our work on sentiment analysis using supervised learning for English 

text. We employed fastText, an open sourced algorithm for text classification developed for 

Facebook. Studying the dataset, we noticed that there was a large variance of words repeatedly 

occurred in the dataset. In our experimental study, we identified less important words in the 

dataset, and then evaluated the impact of dimensionality reduction (by removing these words 

from the dataset) towards the performance of fastText. Finally, we provide our conclusion and 

suggestion for future works. 

 

2.  Machine Learning for Sentiment Analysis 

 

In order for a system to be categorised as intelligent, it must have the ability to learn. In 

developing intelligent systems, researchers are grappling to find solutions for common 

bottlenecks in AI which are to handle uncertainty, ambiguity and to applying human tacit 

knowledge [6]. Machine learning addresses these obstacles by having the ability to learn which 

could not be addressed by conventional computing methods or rules. Over the years, various 

researches were carried out to compare the performance of methods for sentiment analysis. 

Popular machine learning methods for sentiment analysis are Naïve Bayes, k-

NearestNeighbour (k-NN), Support Vector Machine (SVM), Long Short-Term Memory 

(LSTM), and Neural Networks (NN) [1,6,17,19,20]. Most of these methods are supervised 

learning. 
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2.1 Supervised Learning 

 

Supervised learning is a machine learning approach whereby the machine learns from labelled 

or annotated data. The objective of supervised learning is to build intelligent system that can 

learn from input-output training samples [14]. The most interesting aspect of machine learning 

is its learning ability [6] which resemble a natural process of human learning.  In sentiment 

analysis using supervised learning, selected samples of sentences from different scenarios are 

annotated with sentiment from human judgement as the training dataset to capture ‘tacit 

knowledge’ of a human in learning from experience.  

 

Supervised learning, however, requires a good training dataset as the input to ensure the 

effective learning process. Learning is one of the most important aspect in intelligence and it 

is a complex human process. As such, training a machine to learn can lead to complexities and 

challenges. Building an effective learning strategy is one of the hardest questions raised in 

supervised learning and neural computing [6].  Hence, preparing a training dataset for 

supervised learning can be tricky. As the system learns from more examples, the complexity 

increases and the vector size grows with higher dimension of word representation. Training 

time will also increase with the growing data. Figure 1 illustrates the distribution of words in a 

multi-dimensional vector space upon completion of training in a supervised learning. 

 
Figure 1: Illustration of word vector in multiple dimensions upon completion of training a dataset.   

                                         

2.2 fastText 

 

While many supervised learning methods take a long time to train on large training dataset, 

fastText (an open sourced text classifier for Facebook) was introduced to simplify the 

complexity in handling large dataset [2,8]. It improves upon traditional learning method for 

text classification through various ways: (i) it uses hidden layers to benefit from reusable 

variables, (ii) it uses ‘hierarchical softmax’ to optimise the learning process and reduce running 

time and computational complexity, and (iii) it uses n-Grams instead of 'bags of words' to 

capture partial information about local word order, and yet remains comparable to other 

methods that capture actual word order [2,8]. 

 

3. The Complexity in Understanding Natural Language 

 

Interpreting human language is a complex cognitive process as it relies not only on the syntactic 

aspect of the language used but also on how the language is perceived by human when 

expressing and interpreting thoughts.  While various levels of knowledge involved in natural 

language understanding process such as syntactic knowledge, semantic knowledge and 

pragmatic knowledge [6], there is no straight forwards rule when analysing natural language.  

 

3.1 Part of Speech (POS) 

 

In linguistics, a language is spoken, written and understood by following set of rules such as 

the POS rule. The role of POS has been studied in relation with psycho-linguistic effect of 
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human in constructing and understanding sentences. Due to its importance and vital role in 

language, the identification of POS, also known as POS tagging, has become a pre-requisite 

step of language analysis in many computational linguistic applications to provide more 

linguistic information before other NLP methods are applied to the text. POS tagging is 

important to assign a word in a sentence with morpho-syntactic category [21]. Table 1 

summarises different POS types and their role adapted from an English grammar book [3]. 

 
Table 1: Summary of POS types and roles. 

Word Class Role Example 

Noun 

 

Identifies a person, a thing, an idea, quality or state girl, engineer, friend, horse, wall, 

flower, country, anger, courage, life  

Verb Describes what a person or thing does or what happens run, kick, eat  

Adjective  Describes a noun, giving more information about 

people, animal or things represented by noun or 

pronoun 

big, tall, long, hungry, beautiful 

Adverb Gives information about a verb, adjective, or other 

adverb 

quietly, loudly, badly, accurately 

Pronoun  Used in place of a noun that is already known or has 

already been mentioned to avoid repeating the noun. 

she, him, that, something, them 

Preposition  

 

Used in front of nouns or pronouns to show the 

relationship between them. They describe the position, 

time, or the way in which something is done 

after, in, to, on, with 

Conjunction   Used to connect phrases, clauses, and sentences. and, because, but, for, if, 

or, and when.  

Determiner  Introduces a noun and usually used before noun a, an, the, every, this, those 

Exclamation 

/Interjection  

Expresses strong emotion, such as surprise, pleasure, 

or anger.  

How wonderful! Hello! Well done! 

 

Despite of the crucial role of POS, there are POS types that only play supporting roles to 

provide description to other words with different POS. Referring to Table 1, POS classes that 

play supporting role are Adverb, Determiner, Conjunction, Pronoun, and Preposition [17]. In 

this paper, we refer them as ‘supporting POS’. Some of them are frequently used but carry less 

information in computational linguistic perspective.  

 

3.2 Stop Words 

 

In NLP, stop words (such as ‘a’, ‘an’, ‘the’, ‘every’, ‘this’, ‘and’, and ‘because’) are words 

with lesser information that commonly exist in textual document written in natural language.  

Stop words are commonly identified from supporting POS such as determiner, pronoun, and 

preposition [9]. It is a common pre-requisite steps to remove stop words in pre-processing stage 

in NLP. Even though the exhaustive removal of stop words is a debatable practice [5], the 

research on stop words removal shows encouraging trend amongst NLP experts from academic 

and industry through various projects [5,11,12]. 

 

4. Methodology 

In this research, we focus on text pre-processing step to identify less important words in the 

training datasets that could impair the effectiveness of the learning. We study various POS 

classes and stop words. In this section, we experiment the effect of dimensionality reduction of 

dataset by removing stop words and the less important words such as words with supporting 

POS towards the precision and correctness of sentiment analysis trained using fastText 

algorithm. The overall sentiment analysis process is illustrated in Figure 2. 
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Figure 2: The sentiment analysis process. 

 

4.1 The Datasets 

 

As illustrated in Figure 2, step 1 involves collecting English dataset of sentiment annotated 

sentences. For this research, we prepared two datasets as described below: 

(a) Amazon Dataset: consists of 125,000 sentences from Amazon’s product reviews (that 

were written in informal language). These sentences are annotated with either positive 

or negative sentiment. This dataset was later split into a training set of 100,000 

sentences and a test set of 25,000 sentences. 

(b) Financial Dataset: consists of 11,250 sentences from newspaper articles on Financial 

Market (that were written in formal language). These sentences are annotated with 

either positive, negative or neutral sentiment. The dataset was then split into a training 

set of 9,000 sentences and a test set of 2,250 sentences. 

 

4.2 Pre-processing 

 

In this work, we focused on the dimensionality reduction of the training and test dataset as 

illustrated in step 2, Figure 2 through data pre-processing steps: tokenisation, punctuation 

separation, POS identification, stop words removal and words with supporting POS removal. 

Note that, during pre-processing, we ensured that the punctuation was detached from words to 

allow fastText to identify words as an individual item. For example, the punctuation in the 

string ‘eat.’ was separated as ‘eat’ and ‘.’. We refer this process as punctuation separation. 

Next, we proceeded with removal of less important words in two main parts: 

 

First Part: 

Firstly, we performed stop words removal on the dataset, consists of few sections: 

1. Removal of maximum list of stop words collection from various sources of researches 

and python (consists of 340 unique words) [11,12] 

2. Removal of minimal list of stop words collection from python (consist of 127 unique 

words) 
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3. Removal of minimal stop words with supporting POS- Determiner, Conjunction, 

Preposition and Pronoun, by their respective POS 

Second Part: 

Secondly, we performed removal of words with POS that only play supporting role to other 

main POS, referred to as supporting POS, consist of POS types: Conjunction, Determiner, 

Preposition and Pronoun (as mentioned in section 3.1). We gathered maximum list of words 

with these supporting POS to be removed and validated their POS category with online 

Cambridge Dictionary and an English grammar book [3]. These word lists are the extended 

collection to contain maximum words with the respective POS regardless they are in stop words 

list or not. This is to enable analysis when comparing of the effect of solely removing stop 

words versus removing all words with supporting POS regardless of their existence in stop 

words list. In this second part implementation, we only focused to perform below step: 

1. Removal of words with supporting POS - Conjunction, Determiner, Preposition and 

Pronoun from the dataset. 

                                                                                                                     

4.3 Training the Model 

 

In step 4, we trained the model using the pre-processed dataset (which is shown in step 3) using 

fastText. This step was repeated for both Amazon dataset and Financial dataset. The training 

parameters were set with learning rate, lr = 1.0, epoch = 25, and word n-gram = 5. This step is 

referred to as ‘supervised’, where all the samples in dataset is trained using fastText classifier 

algorithm. Upon completion of training, two models were generated: (1) word embedding 

model, and (2) classification model. 

 

4.4 Evaluating the Model 

 

Finally, in step 5 we evaluate the performance of the newly trained models (which were 

generated in step 4) using the corresponding test set. We then calculate precision and recall 

results of this sentiment analysis model. In step 6, we performed sentiment prediction query on 

live cases to evaluate the correctness of sentiment prediction of the generated model. 

 

5. Results & Discussion 

 

The datasets described in section 4.1 were used to conduct experiments to find out the effect 

of pre-processing on Amazon Dataset and Financial Dataset towards the precision, recall and 

correctness of sentiment prediction. We also looked at the impact of pre-processing on the 

vector size of the embedding models that were generated from these tests (by evaluating the 

‘Vector file size’) and the number of remaining word counts after each pre-processing steps. 

The results are discussed in the following sections (Section 5.1 and 5.2) 

 

5.1 Removal of Stop Words and Supporting POS from Amazon Dataset 

 

Experiment 1: Removal of Stop Words from Amazon dataset. 

Table 2 shows the results of our experiment after removing stop words from the Amazon 

dataset. Set A is the baseline where no change was made to the original Amazon dataset. We 

then separated punctuations from words in the original dataset, resulted in set B. This set was 

then used to create the subsequent sets C – H, by removing either all the stop words or only the 

stop words with a certain POS role. 
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Table 2: Experiment 1 results – Removal of stop words from Amazon dataset. 

Amazon dataset Evaluation Total words Word embedding model 

Stop word removal Precision Recall Count 
Reduction 

(%) 
Size (KBs) 

Reduction 

(%) 

Set A - Original 

Training Dataset 
0.907 0.907 9,179,234 - 410,166 - 

Set B – Punctuation 

Separation 
0.920 0.920 9,179,234 - 249,031 39.280 

Set C - Stop words 

(Maximum) 
0.896 0.896 4,927,534 46.32% 217,425 46.990 

Set D - Stop words 

(Minimum)  
0.903 0.903 5,401,919 41.15% 211,048 48.545 

Set E - Stop words 

(POS Conjunction) 
0.919 0.919 8,884,591 3.21% 213,034 48.061 

Set F - Stop words  

(POS Determiner) 
0.919 0.919 8,199,831 10.67% 212,778 48.123 

Set G - Stop words 

(POS Pronoun) 
0.919 0.919 8,594,147 6.37% 212,721 48.137 

Set H - Stop words  

(POS Preposition) 
0.918 0.918 8,314,093 9.42% 212,836 48.109 

 

From this experiment, we observed that separation of punctuation from words (set B) 

contributes to the highest precision and recall at 0.92, while reducing the vector size by 39.28%.  

On the other hand, removal of stop words from the punctuation-separated dataset had a negative 

impact on the performance of fastText (see results of sets C and D) compared to the original 

set A. Meanwhile, removal of stop words by a specific POS role on top of punctuation 

separation (sets E – H) resulted in slight improvements on precision and recall compared to the 

original set A. Out of the four support POS roles tested, removal of stop words with preposition 

role produced the least performance boost. However, the difference in precision and recall to 

the other three POS roles (which were on par on performance) is very negligible (0.001). 

 
Table 3: Experiment 2 results – Removal of words with supporting POS roles (Determiner, Conjunction, Preposition, 

or Pronoun) from the Amazon dataset. 

 

Amazon dataset Evaluation Total words Word embedding model 

Supporting POS removal Precision Recall Count 
Reduction 

(%) 

Size 

(KBs) 

Reduction 

(%) 

Set A - Original Training 

Dataset 
0.907 0.907 9,179,234 - 410,166 - 

Set B – Punctuation 

Separation       
0.920 0.920 9,179,234 - 249,031 39.280 

Set C - All words  

(POS Determiner) 
0.917 0.917 7,908,000 13.84% 212,603 48.166 

Set D - All words  

(POS Conjunction) 
0.919 0.919 8,593,953 6.37% 212,662 48.152 

Set E - All words  

(POS Preposition) 
0.919 0.919 8,214,290 10.51% 212,520 48.186 

Set F - All words  

(POS Pronoun) 
0.918 0.918 8,664,127 5.61% 212,792 48.121 

 

 

Experiment 2: Removal of All Words with Supporting POS from Amazon dataset. 

Table 3 shows our experimental result on removal of words with supporting POS roles 

(determiner, conjunction, preposition, or pronoun) from the Amazon dataset. Similar to 
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experiment 1, set B was created by separating punctuations from words; and sets C – F were 

created by removing words with respective support POS role from set B.  

 

The previous observation in Experiment 1 also applicable here: removal of words with 

supporting POS roles improved fastText’s performance in comparison with the its performance 

on the original set A. However, the impact of these word removals remained slightly less than 

just simply separating punctuations, even though these settings can significantly reduce the size 

of the word embedding model. Among four supporting POS roles tested, removal of 

determiners produced the highest reduction of 13.67% total words. However, its impact on 

model’s accuracy performance was the least among tested POS roles. 

 

5.2 Removal of All Words with Supporting POS from Financial Dataset 

 

Experiment 3: Removal of Stop Words from Financial Dataset 

Table 4 shows the results of our experiment after removing stop words from the Financial 

dataset. Set A is the baseline where no change was made to the original Financial dataset. We 

then separated punctuations from words in the original dataset, resulted in set B. This set was 

then used to create the subsequent sets C – H, by removing either all the stop words or only the 

stop words with a certain POS role. 

 
Table 4: Experiment 3 results – Removal of stop words from Financial dataset. 

Financial dataset Evaluation Total words Word embedding model 

Stop word removal Precision Recall Count 
Reduction 

(%) 
Size (KBs) 

Reduction 

(%) 

Set A - Original 

Training Dataset 
0.809 0.809 234,110 - 25,301 - 

Set B – Punctuation 

Separation 
0.809 0.809 234,110 - 16,928 33.00 

Set C - Stop words 

(Maximum) 
0.787 0.787 166,853 28.72 16,334 35.44 

Set D - Stop words 

(Minimum)  
0.793 0.793 173,139 26.04 16,498 34.79 

Set E - Stop words 

(POS Conjunction) 
0.806 0.806 232,264 0.79 16,563 34.53 

Set F - Stop words  

(POS Determiner) 
0.801     0.801 216,902 7.35 16,799 33.60 

Set G -Stop words 

(POS Pronoun) 
0.799 0.799 232,821 0.55 16,813 33.54 

Set H - Stop words  

(POS Preposition) 
0.794 0.794 212,009 9.44 16,552 34.59 

 

Table 4 shows that separation of punctuations from words (set B) neither increased nor 

decreased the performance of fastText in comparison to its performance on the original dataset 

(set A). This is contrast to our finding in experiments 1 & 2 where separation of punctuations 

from words gave the highest accuracy boost to fastText. 

 

In addition, removal of stop words, regardless of whether POS role filter was applied or not, 

decreased the accuracy of fastText on this Financial dataset, ranging from -0.022 (set C: 

maximum list of stop words) to -0.003 (set E: conjunction). This observation is again contrast 

to our finding on the larger Amazon dataset where removal of only stop words with a specific 

POS role helped improve fastText’s performance.   
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Experiment 4: Removal of All Words with Supporting POS from Financial Dataset 

Table 5 shows our experimental result on removal of words with supporting POS roles 

(Determiner, Conjunction, Preposition, or Pronoun) from the Financial dataset. Similar to 

previous experiments, set B was created by separating punctuations from words; and sets C – 

F were created by removing words with respective support POS role from set B.  

 
Table 5: Experiment 4 results - Removal of words with supporting POS roles (Determiner, Conjunction, Preposition, or 

Pronoun) from Financial dataset. 

Financial dataset Evaluation Total words Word embedding model 

Supporting POS removal Precision Recall Count 
Reduction 

(%) 

Size 

(KBs) 

Reduction 

(%) 

Set A - Original Training 

Dataset            
0.809 0.809 234,110 - 25,301 - 

Set B - Punctuation 

Separation       
0.809 0.809 234,110 - 16,928 33.00 

Set C - All words  

(POS Determiner) 
0.797 0.797 214,040 8.57% 16,909 33.16 

Set D -All words  

(POS Conjunction) 
0.802 0.802 225,743 3.57% 16,959 32.97 

Set E - All words  

(POS Preposition) 
0.789 0.789 206,336 11.86% 16,869 33.33 

Set F - All words  

(POS Pronoun) 
0.802 0.802 231,503 1.12% 16,974 32.91 

 

In contrast to our finding in experiment 2, removal of words with any supporting POS roles 

(determiner, conjunction, preposition, or pronoun) worsened the accuracy of fastText on the 

Financial dataset, with a negative difference ranging from -0.020 (set E: preposition) to -0.007 

(set D: conjunction and set F: pronoun). Here, removal of prepositions (not determiners as 

found in experiment 2) produced the highest reduction of 11.86% total words. It also reduced 

the word embedding model the most by 33.33%. 

 

5.3 Discussion 

 

Punctuation separation provided the best result in the Amazon dataset due to the reduction of 

noise from the original dataset. In the original dataset, punctuations were attached with word 

causing unnecessary formation of new tokens which were regarded as a new word variance by 

fastText. For example, both tokens ‘eat’ and ‘eat.’ exist in the original dataset, causing the 

formation a new word ‘eat.’. Due to the large data volume in Amazon dataset, these word 

variances grow tremendously and increase the size of word embedding model. They were 

eliminated by punctuation separation. On the other hand, our Financial dataset consists of 

formal written sentences and does not contain large vocabulary given its small size. Hence, the 

low occurrence of punctuation-attached word variances, resulting in neither improvement nor 

degrading in performance when pre-processing text with punctuation separation. 

 

In our experiments, exhaustive removal of stop words decreases the precision and recall of 

fastText on both Amazon and Financial datasets. Our stop words list is a general compilation 

of frequently used words in computational linguistics with various POS and different level of 

importance and meaning. Exhaustive removal of all words from this list without carefully 

identifying their roles in a particular dataset causes reduction in sentiment precision. For 

example, the word ‘should’, ‘have’, ‘does’ exist in stop word list with POS category of Verb 

that may carry some valuable meaning in a particular context even though these words can be 
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less important in other contexts. This finding also justifies some reasons whereby the 

exhaustive stop words removal is a debatable practice among scholars in NLP [5].  

 

Removal of words with POS role (determiner, conjunction, preposition and pronoun) decreases 

the accuracy of fastText on Financial dataset but improves the accuracy on Amazon dataset. 

This finding suggests that, in a specific domain dataset, there is lower occurrence of less 

important words even though the same word may appear as unimportant in other generic 

dataset. In Financial dataset, it seems to suggest that words with POS determiner, conjunction, 

preposition and pronoun may carry some meaning in determining sentiment. As the supervised 

learning model learn from lesser example in smaller dataset, unnecessary removal of words 

may worsen the result. Furthermore, word sequence is being captured when using n-Gram 

model on fastText. Hence, unnecessary removal of valuable words can worsen the accuracy.  

 

The above finding is further supported in experiment 4 Set E whereby the removal of 

preposition produced the highest reduction of words and word embedding model, and worst 

precision. This is due to the nature of Financial dataset which is ‘context sensitive’. Unlike 

Amazon dataset which is written in free-style format, the Financial dataset contain various 

indicators in financial market domain such as ‘down’, ‘up’, ‘above’. Thus, removal of words 

with POS-preposition can contribute to negative impact on precision due to the removal of such 

important keywords which plays role as important indicator in Financial dataset. Below are the 

examples: 
Financial dataset:      

negative F&N was down 18 sen to RM35.02. 

positive The Hang Seng was up 1.33%. 

positive prices have remained above that level since April 

Amazon dataset: 

negative Very disappointed in this book, as it was to have 16 illustrations,  

as well as other pictures. 

 

The selection of words removal should be carefully studied to avoid important keyword                  

is removed from a particular dataset. 

 

6. Conclusion 

The computational linguistic practice to remove stop words and less important words with 

supporting POS is relevant on text processing. However, not all of them should be removed. 

Part of these words may contain meaningful elements on a particular context. The level of 

words importance may vary from one dataset to another. For example, the words ‘down’, ‘up’, 

‘above’ are important indicator in Financial dataset. The stop word list and words with 

supporting POS to be removed should be used as general guideline in text pre-processing step. 

However, the selection of exact words to be removed need to be meticulously studied based on 

few aspects which are (1) the structure of dataset sentences: structured or unstructured (2) the 

existence of domain specific terms (3) words distribution and writing style: formal or informal 

(4) volume of the dataset. 

Basic pre-processing steps such as punctuation separation from word is important to reduce 

irrelevant combination of words and punctuation in a larger and generic domain dataset. The 

omission of punctuation processing in a larger and generic dataset, such as punctuation 

separation may lead to unnecessary noise exist in the dataset that could cause the increment of 

word embedding model size and impairment in the learning process.   
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7. Future Works 

 

In future, we plan to focus in finding the actual less important stop words that can impair the 

learning process of each datasets. Apart from that, we intend to further investigate the impact 

of removing words that exist in stop words by various POS categories versus removing all 

words with supporting POS roles. On the other hand, a separate research to identify higher 

importance words in sentiment analysis should also be done along with identification of less 

important words. This is to ensure words and phrases in the training dataset are given the 

correct weightage during the supervised learning process. 
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